The paper discusses the modelling and forecasting of daily winter peak electricity loads in South Africa for the period 2000 to 2009 using a regression model that allows for nonlinear and nonparametric terms.A demand model for daily winter peaks is developed and used for out of sample predictions. Empirical results show that electricity demand in South Africa is highly sensitive to temperature fluctuations during the winter periods.
INTRODUCTION
Electricity peak loads are affected by a wide range of uncertainties. These uncertainties are usually due to the randomness in individual usage of electricity and weather variables such as temperature and humidity (Hyndman and Fan, 2010) . Other factors that affect peak loads are economic factors, including changing customer behaviour and the growth of the population. It is important that the amount of electricity drawn from the grid and the amount generated balances (Cottet and Smith, 2003; Taylor, 2006) and this amount is called electricity load which is equal to electricity demand in the absence of blackouts and load-shedding.
In this paper a demand model for daily winter electricity peaks is developed using South African data for the period 2000 to 2009. The developed model is then used for out of sample predictions. It is important to have accurate predictions of peak electricity loads as this helps decision makers of power utilities and system operators in load shifting between transmission substations, scheduling of startup times of peak stations, load flow analysis and power system security studies (Allen and Morzurch, 1995; Cottet and Smith, 2003; Mirasgedis et al., 2006; Taylor, 2006 Taylor, , 2008 Hekkenberg et al., 2009; Ismail et al., 2009; Goia et al., 2010; Chikobvu, 2010 Chikobvu, , 2011 .
The rest of the paper is organized as follows: Modeling of daily winter peak electricity demand; empirical results; conclusion.
MODELLING DAILY WINTER PEAK ELECTRICITY DEMAND

Demand data
Aggregated daily peak demand (DPD) data is used for the industrial, commercial and residential sectors of South Africa. Modelling of daily winter peak electricity demand is done using data for ten winters from 2000 to 2009. Winter is defined as the 93 days' period from 15 May to 15 August each year. Winter peak demand is highest level of hourly demand observed during a particular winter. The daily peak demand (DPD) is the maximum hourly demand in a 24-h period. Figure 1 shows the graphical plot of daily peak demand and exhibits strong seasonality with a steep positive linear trend. The highest daily peak demand of 37 158 megawatts was recorded on Thursday 24 May 2007 at 19: 00 h over the sampling period. The daily load profile shown in Figure 2 is bimodal with two peaks, one in the morning around 09:00 h and the other in the evening around 20:00 h. Daily peak demand (DPD) is around 20:00 h. Figure 3 shows the probability density function of daily peak demand data during the past ten winters. This was estimated using kernel density estimation (Silverman, 1986) . The mode of the daily peak demand is 33 000 MW. Prior to the year 2000 daily peak demand was in the morning around 09:00 h. There has been a shift as from year 2000 to evening daily peaks. This is probably due to changing customer behaviour. 
Temperature data and degree days
Hourly temperature data was collected from 22 meteorological stations from all the provinces of the country. The data was then aggregated to obtain average daily, maximum and minimum temperatures for the whole country. The daily average temperature data was then used to calculate cooling degree days in summer and heating degree days in winter. For each day, the cooling 
( 1) and (2) respectively. The reference temperature of 18.5°C is used and is the average daily temperature on day A visual inspection of Figure 4 shows that electricity demand is highly sensitive to temperature fluctuations during the winter periods. The relationship between electricity demand and temperature is nonlinear. In our modelling approach we split the modelling space into three subspaces, the winter sensitive, summer sensitive and weather neutral regions. The modelling challenge is to determine temperature values that separate these three regions. We use the multivariate adaptive regression splines (MARS) modelling approach proposed by Friedman (1991) . However it should be noted that industrial-type electricity loads are generally not sensitive to temperature fluctuations, whilst the residential and commercial loads are sensitive to temperature changes. Whilst in this study aggregated DPD is used and the authors are aware that a desirable modelling approach is one in which the industrial load is excluded. At the time of carrying out this study only aggregated data was available.
Integrated demand side management
In this study we did not include in our modelling the ongoing measures by Eskom to reduce energy demand in South Africa. These measures include the use of energy efficient lights and machinery, use of solar power for household geysers and moving consumption to off-peak periods (Eskom website). These efforts seek to shift the load profiles to lower demand levels with an objective of achieving energy efficiency improvements.
Daily peak winter demand model
The winter DPD is modelled as a function of temperature and calendar variables. The relationship between electricity demand and temperature is generally nonlinear.
This calls for a modelling approach caters for non-linearities such as artificial neural networks or adaptive regression splines methods (Sigauke and Chikobvu, 2010) . In this paper we use a model in the regression framework for the daily peak load forecasting that allows nonlinear and non-parametric terms. For a detailed discussion of this modelling approach (Fan and Hyndman, 2011; Ramanathan et al., 1997) . The model for DPD can be written as:
where is electricity demand at time (measured in hourly intervals) during period ; models the calendar effects, that is, the day of the week effect, the weekly effect, the monthly effect including the holiday effect. In this paper school holidays are not included in the model. A function for modelling the temperature effects is represented by , where is a vector of recent temperatures; is for modelling the lagged electricity demand effects and represents the error term at time .
The data was transformed by taking natural logarithms to reduce the impact of heteroskedasticity that may be present because of the large data set and its high frequency (Hekkenberg et al., 2009 ). The natural logarithm was found to be the best fit for the data compared to the other Box and Cox (1964) 
Calendar effects
The function for modelling calendar effects can be written as: February up to December with January as the base month. In both the day of the week effect and the monthly effects we use one dummy variable less than the number of periods to avoid multicollinearity problems (Mirasgedis et al., 2006) .
Temperature effects
The temperature effects are modelled by:
Where represents peak temperature (in degrees Celsius). The peak temperature is the temperature recorded at the hour of peak demand on day ; denotes the temperature to identify where the winter sensitive portion of demand join the non-weather sensitive demand component; denotes the temperature to identify where the summer sensitive portion of demand join the nonweather sensitive demand component. In this paper we use and values which were determined using a multivariate adaptive regression splines (MARS) model developed in Sigauke and Chikobvu (2010) . is maximum temperature in the past 24 h; is the minimum temperature in the past 24 h; is the average temperature in the past 24 h; is the maximum number of lagged demand periods considered in the model and , are constants.
Lagged demand effects
The recent electricity demands are modelled by: 
EMPIRICAL RESULTS
The performance of the proposed model is evaluated on actual data for the period 1 November to 14 December 2009. The training data was winter daily peak electricity data (data from 15 May to 15 August of each year) in the sampling period that is 1 January 2000 to 30 October 2009. The developed model is intended for short-term forecasting up to seven days ahead. In short term load forecasting the root mean square error (RMSE) and the mean absolute percentage error (MAPE) are generally used to present load forecasting error (Munoz et al., 2010) . In this paper we measure the accuracy of the forecasts of the developed model using the mean absolute error (MAE), RMSE and MAPE. Hyndman (2008) proposed the use of MAE when the forecasts to be evaluated are on the same scale. MAE is easy to understand, explain to decision makers in the electricity sector, interpret and compute (Hyndman, 2008) . We also use MAPE as it is scale independent and simple to use. We calculate MAE as: 
and MAPE is calculated as, Table 1 shows the average MAE, MAPE and RMSE for the 44 one-step-ahead point forecasts.
The forecast and actual demand distributions are shown in Figures 5 and 6 respectively. The density functions were estimated using kernel density estimation (Silverman, 1986) the distribution in Figure 6 all fall within the region predicted from the forecast distribution in Figure 5 .
Conclusion
The modelling and forecasting of daily winter peak electricity demand in South Africa is discussed in this paper using an additive model in the regression framework that allows for nonlinear and nonparametric terms. Empirical results show that electricity demand in South Africa is highly sensitive to temperature fluctuations during the winter periods. Some areas for further study would be inclusion of other weather factors such as humidity. Coastal areas of South Africa are usually affected by humidity. It is also important to incorporate in load forecasting measures being taken by Eskom, South Africa's power utility to reduce demand levels through demand side management (DSM) strategies.
It will also be interesting to assess the impact of DSM strategies on load profiles of the energy system. Another interesting barea for further study would be density forecasting. Density forecasts provide estimates of the full probability distributions of the possible future values of the demand and are more helpful than point forecasts, and are necessary for power utilities to evaluate and hedge the financial risk accrued by demand variability and forecasting uncertainty (Hyndman and Fan, 2010 ). These will be done in our future research.
